Having a user-friendly Human-CAD interaction with high speed and accuracy plays a key role in development of future intelligent modeling environments. A major part of this puzzle is sketch identification using either 2D gestures -which is commonly recorded from mouse, light pen and touchpad-or air gestures captured from some newly emerged devices such as Leap Motion and Soft-Kinect. To this end, we present a leaning based technique for segmentation of air gestures. The proposed technique can detect the separation points of any single-stroke air gesture using specific motion features such as speed, curvature and center of curvature. Two types of separation points are considered: 1) rough separation points or simply corner points and 2) soft separation points such as inflection points. The segmentation is performed in two steps: Support Vector Machine (SVM) is used to adaptively differentiate the corner points from regular points. A soft segmentation method is then implemented to further break the rough segments into a set of smaller arcs and lines based on sudden change in the center of curvature. The experimental validation shows robust performance of the proposed method and low computation expenses.
INTRODUCTION
The traditional WIMP (Windows, Icons, Menus, Pointer) interfaces dominate the interfaces for computer-aided design (CAD) systems. However, the emergence of technologies such as pen-based systems, 2D and 3D air gestures has provided alternative means of interaction [1] . These alternatives seek to mimic the natural human-human interactions for creating or editing CAD models [2] .
Moreover, the human's motion (especially air gestures) is subjected to various uncertainties. Therefore, the first step towards the development of an interactive natural user interface is to minimize the uncertainty in the captured motion through segmentation. Threshold based algorithms are the most common approach in segmentation which is applied to some motion features such as curvature or speed [3] [4] .
Wolin et al [5] used a heuristic line property called 'ShortStraw' instead of curvature for segmentation. A revised version of 'ShortStraw' was also considered by Xiong and LaViola to overcome the deficiencies of original method [6] [7] . In a similar approach, Sarfraz et al. proposes a two-phase algorithm to find the corners based on the sum and maximum of deviation of the curve points from a moving line clue [8] . Another interpretation of curvature is 'Chord Angle' which is introduced by Ramani and Murugappan [9] .
Sketch fragmentation is an alternative approach for segmentation [10] [11] . Fragmentation uses curve fitting to recontruct an input sketch with a set of predefined geometric primitives. Although the problem of sketch processing in this approach can be solved all in one stage, this method is computationally expensive and therefore not suitable for realtime applications. This problem can be overcome by employing dynamic programming [12, 13] or using hybrid methods where fragmentation and segmentations are combined [4] , [14] . Usually hybrid approaches are constist of two phases in which segmention is performed at first and then fragmentation is applied to the segments. For instance, Hammond et al. proposed a combining approach which finds the best subset of corners from the output of most of the aforementioned "Segmenters" by minimizing the error of an objective function [15] . The main idea behind the objective function is reducing the number of false positive detected corners which is addressed in their previous work [16] . Despite the recent development in fragmentation and hybrid methods, threshold based algorithms are still favored due to their ease of use, lower complexity and low computational expenses.
Recently Herold and Stahovich have proposed a machine learning algorithm for segmentation purpose using a set of seventeen features to boost the results for both userindependent and user-optimized scenarios [17] .
In this paper, we present a two-stage subject based segmentation approach. In the first step, Support Vector Machine (SVM) is used to adaptively differentiate the corner points from regular points. In this method, the conventional threshold-based filtering has been replaced with an adaptively obtained marginal separator in the form of a linear combination of motion features. Once the SVM trained, the detection task can be performed easily and fast via a linear function.
A soft segmentation method is then implemented to further break the rough segments into a set of smaller arcs and lines based on sudden change in the center of curvature.
MATERIALS AND METHODS
Unlike common hand input devices such as mouse, light pen and touch screen that constrain hand movements to a planar motion, air gesture input devices such as Leap Motion and SoftKinect do not restrict hand or fingers from their free movements.
The raw data of the device that is utilized in our work are position and direction vectors of the index finger that are recorded over the time. For visual feedback the intersection of direction vector of index finger and a virtual plane (representing the monitor) is used. To estimate the location of this virtual plane a calibration step is performed at the beginning of each session. The calibration parameters are computed using four sample data of the finger pointing to one of four corners of the monitor. The setting for the experiment is illustrated in Error! Reference source not found..
FIG. 1. SCHEMATIC OF THE EXPERIMENT SETTINGS FOR LEAP MOTION DEVICE
In this study, trajectory of the index finger of 5 human subjects is recorded by a Leap Motion device with 64 Hz sample rate. Each sketch is recorded in a continuous time period in a single stroke. In each experiment subjects are instructed to draw specific symbols such as 'Arrows', 'Curly Arrows', 'Star', 'Pivot', 'S' and two random shapes. Each subject, draw each of the symbols 10 times in two different scenarios, once by moving the index finger (Fig 2A) 
A) B) FIG. 2. TWO SCENARIOS FOR AIR GESTURE EXPERIMENTS.
Both scenarios have been developed in MFC VC++ and run on a machine equipped with Intel Corei7-3770 Processor. The experiments were done for about 500 sketches recorded from all 5 subjects.
DATA ANALYSIS

SPEED AND CURVATURE ESTIMATION
To calculate speed ( ), eq. (1) has been used where Position vector ⃗ is the planar projection of finger motion at i th sampled time.
The absolute curvature of eq. (2) for each point is obtained using inverse of radius ( ) for the best circle that can fit a neighborhood of eleven points including the current point, five points before and five points after it.
The circle parameters are calculated by minimizing the least square error in fitting a circle to the points as described by Eq. 
After calculating the speed and curvature, a low pass filter is used to remove the sampling noise. 
FIG. 3. SPEED PROFILE FOR A SAMPLE SKETCH. THE LOCAL MINIMUMS ARE MARKED BY CIRCLES WHICH ARE LABELED AS CORNER POINTS FOR LEARNING.
FIG. 4. CURVATURE PROFILE FOR A SAMPLE SKETCH. THE LOCAL MAXIMUMS ARE MARKED BY CIRCLES WHICH ARE LABELED AS CORNER POINTS FOR LEARNING
ADAPTIVE ROUGH SEGMENTATION USING SUPPORT VECTOR MACHINE
The nature of corner detection problem particularly in an adaptive manner demands for a marginal classifier such as Supportive Vector Machine (SVM) which has been successfully implemented in similar problems [18] . A non-separable or soft margin SVM is developed here and a linear Kernel function is used as separating hyper-plane.
In first step, the points are labeled into two major classes of regular points and rough separating or corner points. The separation points represent the intended breakage points with huge deflection that are located in adjoining points between each pair of consequent segments. As a result of the power-law [19] , points with minimum speed always occur in maximum curvature and are manually labeled as 'corner points'. These points are marked by a circle in Fig.3 and Fig.4 .
Regular points that represent the non-separating points are then randomly selected from the remaining points except those located in near neighborhood of the labeled corner points.
A linear SVM is trained so that linear function of speed and curvature produces negative value for labeled separation points and some positive number for normal points. We apply this algorithm on all 5 subjects (A-E). The results show overall accuracy of 97% for all subjects .  FIG. 5 and FIG. 6 demonstrate the decision boundary and result of rough segmentation for subject A respectively. The presented data include data recorded with two different air gesture scenarios.
FIG. 5. TRAINED MARGIN OF SVM (SUPPORT VECTOR MACHINE) CLASSIFIER FOR SUBJECT 'A'
FIG. 6. SVM SEGMENTATION FOR SUBJECT 'A' TRAINING SKETCHES
SOFT SEGMENTATION
Segments whose points have near to zero deviation from the line connecting their starting and ending points are considered as line. Rough segmentation algorithm fail to detect segment points where two smooth curves are connected e.g. 'S' shape (We will refer to these points as soft separation points). Using the change in the sign of curvature is one of the possible ways to overcome this problem; however this feature is not reliable enough to completely resolve this issue [4] . In general, there is not a very distinguishable feature that can detect soft separation points with high reliability.
To address this issue, we use the sudden change in the location of center of curvature as a feature for detecting the soft separation points. For this purpose, Euclidian distance between centers of the curvature for all successive points is calculated.
A simple threshold can then detect sudden change in the calculated distance profile. In our study with air gestures, we used a threshold of 3 cm. It should also be noted that soft segmentation is not applied to segment with small curvatures or short length. Error! Reference source not found. shows the center of curvature where black '*' marker shows the trace of center of curvature for their corresponded highlighted segment.
FIG. 7. CENTER OF CURVATURE FOR 'S' AND 'SINE' SHAPES (MARKED WITH '*' ).
The output of soft segmentation method is illustrated in Fig.9 . Crossed red circles show the output of rough segmentation and black circles show separation points detected in soft segmentation stage
FIG. 8. SOFT SEGMENTATION METHOD RESULTS FOR COMPOUND CURVES OF 'S' AND PIVOT
SHAPES.
The accuracy of both rough and soft segmentation algorithms is above 97% for all subjects. The average computation time for both rough and soft segmentation algorithms (implemented in MATLAB R2013a) was about 18.5 milliseconds and the variance of the elapsed time was about 5 milliseconds.
CONCLUSION
A leaning based technique for segmentation of air gestures was presented in this paper. The proposed technique was able to detect the separation points of any single-stroke air gesture using specific motion features such as speed, curvature and center of curvature. The segmentation was performed in two steps: Rough Segmentation using linear SVM trained on speed and curvature and Soft Segmentation which applied threshold on displacement of center of curvature.
Comparing to different segmentations results presented in [13] , the proposed method in this paper is highly competitive both in accuracy, processing speed.
Moreover, the proposed soft segmentation method is reliably accurate and fast enough that might be considered as an alternative for some prior post-processing algorithms which are implemented based on multi-parameter multi-stage frameworks.
For future work, similar adaptive approach can be used to convert the current soft method to a flexible classifier independence of user and device changes.
